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Analysis is performed by first extracting various waveform "features". A subset of these features is examined by diagnostic algorithms, tuned to identify faults for that valve type, that compare the features with those obtained &om a previously acquired waveform for the particular valve under examination. Two methods of analysis have been examined. One utilizes f k z y logic in an expert system diagnostic. The other performs pattern recognition using an artificial neural network approach. The overall analysis is robust in that it can deal with minor deviations of the waveform shape experienced during repeated operation of a normal valve while successfully identifying abnormal valve operation.
In the present application, analysis has been specialized to SOVs used on space-based systems; however, the methodology has sufficient flexibility to be applicable to a wide variety of valves and other industrial electrically controlled components.
GENERAL DISCUSSION AND EXPERIMENTAL SETUP
In a previous investigation' ~ monitoring methods with which to detect aging and wear of ac-powered solenoidoperated valves used in safety systems of nuclear power plants utilized the ability to detect armature movement and position from impedance measurements. In the present work, a measurement of the operation of dc-powered solenoid operated valves (SOVs) is obtained by analysis of the characteristics of the transient current waveform accompanying valve actuation. This actuation waveform is extracted inductively using a small, commercially available split-core current transformer clamped around one of the valve's solenoid leads; the signal thus obtained *Retired.
is related to the actual solenoid current by a first-order differential equation. Figure 1 shows the experimental setup used. The analog waveforms are digitized and stored by a personal computer using commercial data acquisition hardware and software.
In the setup shown in Figure 1 , a valve is energized by a dc power supply that is rapidly switched on and off at a specified rate by a mercury-wetted relay driven by a pulse generator. This setup permits cyclic operation of the valve at a selected convenient rate (e.g. 1 cycle/s) which affords an easy way to observe the waveform in the lab and to check for repeatability of results. For field application in which the valve would not be operated cyclically, the only instrumentation required would be the clamp-on current transformer, a signal amplifier/filter, and the computer. This instrumentation could be contained in a portable configuration or could be configured in a centralized location where the signals from many valves could be multiplexed into a single analysis system.
Waveforms obtained during valve actuation can be compared with similar waveforms obtained when the .valve was known to be operating normally, and the results used to detect faulty valve operation. This methodology is completely noninvasive because the current transformer has negligible effect on the solenoid current and its use does not require the lifting of any electrical leads. Also, the current transformer can be attached to an electrical lead at a location remote from the valve, which is often more accessible than the SOV itself.
VALVE TYPES
All valves utilized in this investigation were designed to control the flow of nitrogen, helium, or air at pressures up to 6000 psi, although typical operating pressures are about 750 psi. In this work, results from five valves representing three separate models are presented. They are designated as 79K9022 1-4, 79K9022 1-6, 79K80223-3,79K80223-9, and 79K80225-1. As indicated by similar prefix numbers (characters preceding the 'I-"), the first two valves are of the same basic model, the second two of another model, and the fifth of a third model. Valve sizes ranged from 1.68 in. diameter (outside case of solenoid) for valves 79K90221-4,-6 to 2.23 in. for valves 79K80223-3, -9 which weigh approximately four lbs. each. Although the valve models varied in size and internal construction, they all operate in a similar manner. Magnetic forces exerted by energizing the solenoid coil pulls in a plunger acting against the force of a restraining spring. Seals on the plunger poppet seavunseat to start, stop, or redirect gas flow. Deenergizing the solenoid results in the reverse process.
WAVEFORM SHAPE
Transient current waveforms acquired in the manner described above have characteristic shapes determined by both a variety of specific valve properties and also by the general operating conditions. In particular, the amplitude vs time waveform generated when the valve is energized has an overall I' M" shape that is caused by the inductance change in the coil resulting from plunger motion, coupled with the rapidly changing in-rush current in the coil. Figure 2 shows sample waveforms for two dissimilar valves (79K90221-4 and 79K80223-9) operated under "baseline" conditions (actuating voltage 24V, ambient temperature -23"C, no gas pressure applied to the valve). Although the waveforms are substantially different, they exhibit the same overall characteristic shape. In general, the actuation waveform shape will be altered by valve defects such as impeded or incomplete plunger motion, and reduced plunger return spring force. The waveform is also sensitive to applied voltage and to the valve's operating temperature and gas pressure applied. Similar effects are manifested in the "drop-out" waveform obtained when the valve is deenergized. This latter waveform is characterized as a decaying amplitude vs time, but with a discontinuity that occurs when the valve plunger unseats and moves (by virtue of the return spring) to its deactuated position. In our analysis, however, we have found that the waveform obtained upon deenergizing is less sensitive to valve condition and have therefore concentrated on the waveform obtained upon energizing.
FEATURE EXTRACTION
Analysis of the transient waveforms is performed on various waveform "features"--such as the amplitudes and times of occurrence of amplitude "peaks" and "valleys", the areas beneath peaks, and appropriate ratios of these quantities. These features are then examined by an expert systedpattern recognition algorithm that has been taught to identifjl faults for that valve type. The algorithm compares the features with those obtained from a previously acquired baseline waveform for the valve under examination and determines if the valve is actuating properly. The feature estractiodquantification methodology must be robust so that it can deal with minor deviations of the waveform shape experienced during repeated operation of a normal valve, while still successfully identifying truly abnormal operation. Figure 2 , both of the waveforms are observed to have two peaks and a narrow valley between them. The first peak corresponds to the beginning of rapid plunger movement during the initial phase of the current inrush transient. The valley occurs when the plunger has completed its stroke, and the second peak represents a maximum in the AC portion of the signal as the current increases to its steady-state value during the latter part of the transient. This is the general form for all the valves we have examined; we currently extract eleven features, of which six are independent of amplifier gain, as follows: For initial demonstration purposes, diagnostics have been performed using only three of these features: the time to reach the "valley" (2), the ratio of the two peak amplitudes (4) , and the ratio of the amplitude of the first peak to the difference between the peak and valley amplitudes (5). The shorthand notation for these features is tV, rPP, and rPV, respectively. It is not difficult to see that an off-normal situation will change the values of these features. For example, a broken, weak, or "loose" (compression adjusted to a lower value) return spring will result in a smaller tV since the valve will close more quickly. Also, a smaller rPP, and a slightly smaller rPV than for the normal baseline case will typically result from this situation. As another example, if the valve plunger does not l l l y stroke, the amplitude of the valley will be high, thus increasing the value of rPV; however, tV will change very little, since the valve still actuates in about the same time as the normal case. Figure 3 shows an example of waveforms obtained from a valve with these defects induced as compared to those from a valve dqlaymg normal baseline operation. Different diagnostics methodologies to distinguish between the various cases are available. Two methodologies that have been examined and are discussed in a later section are fuzzy logic and artificial neural networks.
Referring again to
In addition to the above features, we are also considering other waveform comparison possibilities, among which are waveform correlation, Fourier decomposition, and moments calculations'. These calculations, all of which are used to determine an indication of waveform shape, could be used for initial waveform screening, or included with the features described above. Of the above methodologies, the moments calculation presently shows the most promise. In this approach, the waveform is considered to be a function f(t) of time t, normalized to unit area. The moments are given by K where K is the number of points and m the mean value (calculated by setting m=O, n=l in the above equation). The second and third moments, h(t) and pJt) , were observed to be especially sensitive to the simulated valve defects, suggesting that features based on these calculations could provide additional discrimination capability.
FEATURE NORMALIZATION
A difficulty encountered in the application of any diagnostic analysis to the waveform features is the variation in the waveform characteristics obtained for individual valves of the same Qpe. Like a human being, each valve has unique physicd characteristics and will thus exhibit a unique actuation waveform even under the exact same operating conditions as another valve bearing the same type number. Figure 4 , for example, shows two distinctly different actuation waveforms for valves of similar type (among valves of different types, the waveforms are considerably more disparate, as is indicated by Figure 2 ). It is clear that valve 79K90221-4 actuates more quickly than valve 79K9022 1-6, thus indicating that it has a weaker return spring or exerts a stronger magnetic force when energized, which can result from a larger inductance (the inductance of the solenoid in valve 79K9022 1-4 was measured to be about 30% higher than valve 79K9022 1-6). Similar differences, but to a lesser degree, are shown in Figure 5 for actuation waveforms for valves 79K80223-3 and 79K80223-9.
In our diagnostics application it is assumed that one valve of a particular type has been utilized to generate a database of simulated defects for testing valves of its same type. For the valves to be tested it is assumed that the only data available are for normal baseline operation. Since. as shown above, each valve has a unique set of operating characteristics, data from one valve must be used to assess problems in another valve that will almost certainly have different operating characteristics. The approach we used to circumvent this problem is to always normalize the waveform features to those obtained for that valve under normal baseline operation. Thus, we look at relative changes in the waveform features, rather than at the absolute values of the features themselves. This approach, to be successful, requires that the waveform characteristics of valves of similar types change in the sanie way as a result of a particular defect. As an illustration, Figures 6 and 7 show plots of the normalized values of tV, rPP, and rPV for valve 79K80223-3 for 60 valve actuations that included simulation of valve defects and baseline cases (24 actuations). The defects included: The decreasdincreased voltage to the valve coil can be considered as a defect, such as a shorted turn, in the coil or as an off-normal operating condition. The reason for the larger number of baseline cases is that the tests were performed in groups of 4 following the defect simulations to ensure consistency of performance throughout the testing sequence.
The data are plotted in a two-dimensional form with one feature on each axis. In each case, the feature value was normalized to the value obtained from the first (baseline) actuation. Here it can be seen that, for a single valve, the various valve defects separate the data into distinct groupings or clusters. A nearly identical plot can be made for a similar valve, 79K80223-9, provided that the feature values are again normalized to the first baseline actuation for that valve. Two conclusions can be drawn fi-om these results. First, the features vary in a consistent and distinctly different manner for each of the defects simulated. Second, the relative change for each of the defects is about the same for the two valves shown. Similar results were observed for the other valves studied.
EFFECTS OF OPERATING CONDITIONS

I
For operating conhtions other than the baseline conditions, the effects on the actuation waveforms must be well understood, since conditions can be expected to vary considerably in actual practice and are not ordinarily controllable. Ambient temperature effects were investigated by acquiring actuation data with valves located in a containment having a controlled temperature. In general, an increase in temperature will increase the dc resistance of a valve solenoid and thus decrease its current draw. Figure 8 shows two actuations of valve 79K90221-4 at ambient temperature and 30°C above ambient, with all other operating conditions held the same. As expected, the waveform at the increased temperature is reduced in amplitude. Also, relevant to ambient temperature, the valve at the elevated temperature actuates slightly later and the ratio of the two peaks (rPP) is increased slightly. However, if the waveforms obtained at this temperature are normalized to the first case for which there are no simulated defects, similar separation of defects are observed. From thls and additional results using other valves, it can be concluded that the actuation waveforms vary in the same manner with valve defects at any reasonable temperature, which should be measurable to within -3°C by placing a small dc voltage source across the valve solenoid and measuring the current prior to actuation.
It was shown previously that the actuation waveform shape varies significantly with the valve temperature. Also it is known that temperature extremes are encountered in the normal operational environment of the valves. Thus, a measurement of temperature to an accuracy of a few degees centigrade should accompany the waveform measurements. Fortunately, this measurement may be conducted without the addition of instrumentation to the valve. The electrical resistance of the copper wire used to construct the solenoid is known to increase linearly with its temperature. For small temperature differences it follows that where T, is a reference temperature and a, is the thermal coefficient of conductivity for copper at the temperature To (for 20°C, a, = 0.0039 oOC-')~. Figure 9 shows the current for each of two valves as a function of temperature for a source voltage of 1 V. The relationship is seen to be approximately linear as predicted by the above equation. Also, if the above value for a, is used, the predicted currents at 60°C for valves 79K380225-1 and 79K80223-3 are 47.0 mA and 34.4 mA, respectively, within a few percent of the measured values.
The data described thus far were acquired without pressurizing the valves. Actual testing of the valves may be performed with or without pressurization. It is important therefore, to understand how the valves behave under pressure and whether valve defects will produce the same deviations withlwithout pressurization. Testing performed at relatively low pressures (e.g. 500 -750 psi) determined that the effect on the operational waveform is both small and predictable. For example, a pressure of 500 psi on valve 79K80225-1 delayed the valve closing by about 2 ms and caused barely perceptible differences in the height of the waveform peaks. This suggests that for typical operating pressures, if the pressure is known to some reasonable accuracy, e.g. 100 psi, the effects can be readily taken into account.
DIAGNOSTIC ANALYSIS USING WAVEFORM FEATURES
For tlus work we examined two different but complementary types of automated analysis that utilize as input the features extracted from the actuation waveforms as discussed in the previous section. The first is an expert systems approach incorporating fuzzy logic. This approach utilizes a set of heuristic "if -then" rules to determine valve condition. Fuzzy logic allows for uncertainty in the input values by permitting those values to be expressed with linguistic quantifiers such as "large", "small", "few", "many", etc.
The second methcdology is a trainable pattern recognition algorithm that maps input patterns (combinations of feature values) into different output configuration determinations (e.g. normal actuation, loose spring, etc.). The algorithm, referred to as a neurai network, is trained using data acquired under known normal and abnormal valve conditions so that when a set of features ftom an unknown valve condition is input, it will respond with the correct assessment. For both methodologies commercially available software packages were sed^,^.
For the fuzzy logic approach, fuzzy rulebases were developed to determine valve defects including a) failure of the valve to actuate, b) weak or broken valve spring, c) impeded valve motion, d) high or low solenoid voltage. Each rulebase is slightly different from the others since each valve type responds somewhat bfferently to the various simulated defects. In general, about 20 to 25 rules applied to the three features tV, rPP, and rPV are sufficient to distingush the valve defects. Each feature value is described by one of five fuzzy descriptor values, VERY LOW (VL), LOW (L), MEDIUM (M), HIGH (H), or VERY HIGH (VH). The mapping of the descriptors to actual numbers is controlled by the user through the input of range values. Outputs are divided into three descriptors, LOW (L), MEDIUM (M), or HIGH (H). Thresholds are set in the upper part of the MEDIUM range such that if the output for a particular defect is above that value, then the valve is judged to exhibit abnormal operation.
For the neural network approach. a neural network model was implemented for each of the different valve types. Each model used three inputs which corresponded to the features tV, rPP, and rPV and six binary outputs which corresponded to the base case and defective valve states (base case, incomplete valve closure, low solenoid voltage, high solenoid voltage, impeded valve motion. looseheak return spring). Each input vector therefore consisted of three values and each output vector consisted of six values, one of which was 1, indicating the condition state of the valve, and the others 0.
Training data for valve types 79K80223 and 79K8022 1 were comprised of the information derived from 52 of the 60 waveforms discussed earlier (cases for the 0.5 volt low and 0.5 volt high power supply voltages were omitted). Best results were obtained when five hidden nodes mere used. Thus, each network consisted of three input nodes, five hidden nodes, and six output nodes. Training was accomplished by presenting the input/output vectors to the network in random order and adjusting the connection weights in accordance with the backpropagation algorithm until agreement between the desired and actual outputs was achieved . Results were tested by imputing the training to the network. The approach used was to select the highest output vector component and see if it was approximately 1 .O in the correct location. A "suspicious" reply was assumed if this value was 0.6 or less.
RESULTS OF DIAGNOSTIC ANALYSIS
The neural network approach was vew successll. All 52 of the training vector pairs for valves 79K80223-3 and 79K90221-4 resulted in correct identification. This is not surprising, since it is expected that data used for training would result in a correct response. However, data from valve 79K80223-9 also resulted in correct identification in all cases but one. For valve 79K9022 1-6,48 of the 52 cases were correctly identified (two were suspicious). The four cases misidentified were those with the operating voltage reduced by 1 volt; these were interpreted as an "impeded plunger". Examination of the three features used shows that this confusion is understandable since they are similar in value for the two situations. Results from 52 test cases for valve 79K9022 1-4 heated to 30°C above ambient were also tested. Remarkably, all 52 of the cases were correctly identified (two were "suspicious" however). Overall, it is concluded that these results indicate that the method is quite successfkl, in that it was able to generalize results from one valve to a different valve of similar type and to different operating conditions! Somewhat less successll results were obtained for the fuzzy logic rule-based approach. For valve 79K80223-3, six of the 52 cases were misidentified. These include four cases in which high voltage (+1V) was misinterpreted as low return spring pressure. Examination of the data showed that the features behave in a similar way for the two cases; thus, this outcome is predictable. Similar results were obtained for valve 79K80223-9 using the same rulebase. Of the 52 cases, seven were misidentified, again including the four cases in which the high voltage is misinterpreted as low return spring pressure. Better results were obtained with valves 79K9022 1-4 and -6. For valve 79K90221-4, of the 52 cases examined, two were misidentified and one was ambiguous. For valve 79K9022 1-6, which was examined using the same rulebase, 48 of the 52 cases were correctly identified. The four misidentified were the four cases with low voltage (misinterpreted as an impeded plunger). These latter results are consistent w i t h the neural net response and are readily explainable, since the features behave in almost exactly the same manner for the two situations.
SUMMARY & CONCLUSIONS
This work has demonstrated that by analysis of electrical waveforms obtained during normal actuation of an SOV, the operational health of the valve can be assessed in a completely noninvasive manner. Operational flaws in valve operation were simulated and shown to be readily detectable using either of two diagnostic methodologes. Results obtained from one valve can be used to detect operational flaws in another valve of the same type for differing operating conditions (e.g., higher temperature). It was shown that valve current signatures are highly dependent on temperature, but that the temperature can be obtained readily from a resistance measurement of the valve without the addition of instrumentation. It is anticipated that two measurement strategies might be employed. First, the system could provide immediate indication of a valve that has either failed or is operating in a degraded mode near failure. Also, the system could be used to acquire a long-term database covering many valve actuations. This database could be examined in a statistical sense for gradual or sudden degradations of response that might indicate a proximity to failure.
A system utilizing the above methodology would use a minimum of equipment. It could either be portable or integrated into an existing data acquisition system and automated. In either case, such a system would afford remote dagnosis of inaccessible components under operating conditions. This permits early detection of faulty components as well as considerable savings in the time and effort required to remove components for bench-top testing. For these reasons, the methodology is expected to be useful in the areas of predictive maintenance and reliability assessment. Although, in the present application, analysis has been specialized to SOVs used on spacebased systems, the methodology has sufficient flexibility to be applicable to a variety of valves and other industrial electrically controlled components as a part of an overall system for diagnostic monitoring during realtime operation. It is expected that such a diagnostic system, based on fuzzy logic andor the neural network approaches, would utilize a large database and sufficient calculated features to prevent ambiguous responses and thus provide for fault-tolerant assessments. 
